Abstract: While extant studies on brokerage address its structural competitiveness and network performance, few studies address the fundamental question of whether all the brokerage types have identical and positive effects on network development. Extending the Gould and Fernandez's brokerage topology, the study measures the contribution of the brokerage roles over to the network evolution. For the purpose, the Chinese technology transfer flow networks were utilized to reveal the brokerage patterns of three anchor regions-Beijing, Shanghai, and Shenzhen. The analysis outlines that Beijing and Shenzhen, as nation-wide brokerage hubs, transmit the technology across the whole regions, while Shanghai seems to be a more balanced broker region connecting the neighbour regions with the others. The longitudinal simulation analysis demonstrates that a liaison-type brokerage function, connecting the heterogeneous knowledge sources, contributes to the growth of the regional network.
Introduction
The importance of knowledge diffusion as a means for generating technology innovations has been emphasized for sustainable economic growth [1] [2] [3] [4] . The dynamic processes of absorbing exogenous knowledge and assimilating it into local knowledge are of significance to keep the complex determinants contributing to the region's capabilities for development [5] [6] [7] [8] . The research on the regional innovation system (RIS) has focused on the innovation process in the perspective of a system, highlighting the geographical dimensions of knowledge diffusion as a central factor sustaining regional growth. From the systematic approach, the structure of a region's knowledge network influences the efficiency to accelerate the interactions for exchanging knowledge flow [7, 9, 10] . The literature on social networks has recognised the role of a broker entity accounting for the structural influencer on the networks of knowledge flow [11] [12] [13] [14] [15] [16] . A brokerage position controls the knowledge flow between its own network and another, bridging different knowledge sources and supporting the viability of the whole system [17] . The broker node is responsible for combining heterogeneous information sources and control the flows of information from the individual level [18, 19] to the institutional level network [20] [21] [22] [23] .
The structural advantage of a brokerage node does not seem to be solely limited to the network field. The idea, however, was already acknowledged in the other context: Focal firms in an industrial district [24] , technological gatekeepers [25] , and global pipeline [26] . Studies of geographical clusters also emphasise the linkages within and outside their cluster, connecting with knowledge sources [27] [28] [29] [30] . The notion of global pipelines appropriates knowledge from foreign countries and conveys it to the domestic neighbour regions, thus guiding knowledge from foreign countries into its innovation system [26] . One common notion for brokerage in these studies is that the nodes play a leading role in transferring exogenous technologies into the co-located nodes within the group. [20, 23] . The brokerage metaphor, under the network framework, allows us to treat a 'brokerage region' like a broker node in the inter-regional knowledge flow networks. It, therefore, seems plausible that a brokerage region
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The Brokerage Role in the Network
One of the main concerns of the brokerage concept in social network studies is to reveal the linkage between the structural characteristics of a broker node and its interactive influences on the performance of network [22, [37] [38] [39] [40] [41] . Hargadon and Sutton [41] present empirical evidence that firms exploit the combined knowledge that acquired technologies from one industry and then apply them to another sector. The competitive capacity of the gatekeeper, such as creativity and higher skills, were reinforced from the network effects [42, 43] . In the same way, several empirical works corroborated the positive relationship between the importance of a brokerage role and network performance. For instance, Cross and Cummings [44] find a positive correlation between network performance and betweenness centrality amongst engineers in a petrochemical company, indicating that the structure was significant in controlling the information flows of a network. Rodan and Galunic [45] surveyed 106 middle managers in a European company to demonstrate that a manager's innovation performance correlates with the sparseness of their network. Capello [46] also argues that knowledge is shared in the cohesive structure, such as communities of practice, implying that the structure of a network is highly likely to determine the knowledge transmission within the network.
A brokerage position combines and diffuses existing information and knowledge among unconnected nodes, generating a competitive advantage to the network by drawing on internal and external information [22] . Thus, it influences the network nodes between both internal and external nodes, producing higher innovative outcomes [33, 47] . The fundamental idea underlying these empirical works is that linkages around the nodes have the structural influence on the decision-making process, thus affecting the performance of a total network system [48] . Then, the presence of a focal Sustainability 2019, 11, 2540 3 of 15 brokerage node is highly likely to affect the decision of other nodes that underpin the performance of the others in the network [49] .
Scholars addressing the local knowledge spillover also recognised the significant role of a brokerage node as a conduit of new knowledge. Extant empirical studies use the analogy of a brokerage node to refer the inter/intra-regional channels of knowledge. Bathelt, Malmberg, and Maskell [26] argue that the presence of 'global pipelines' connecting the internal cluster to the external knowledge source can be beneficial in two ways: By acquiring new and valuable knowledge externally created, and by disseminating it to other firms in the cluster. Giuliani and Bell [50] , based on the geographical wine cluster in Chile, argue that focal firms play a leading role in transmitting the new knowledge and provide support to co-located firms, contributing the positive externalities to the cluster network. Research on clusters focuses on the gatekeepers to accessing external knowledge [18, 22, 24, 50] . According to the above literature, the main role of focal nodes within the network share some typical features, being characterized by conferring the chances to access the external knowledge sources.
The Types of Brokerage in the Spatial Technology Transfer
While not diminishing the importance of these brokerage roles in the geographical space, scholars have further revealed the specific types accounting for the brokerage roles, which has largely remained void [24, 33, 51] . Gould and Fernandez [33] suggest a formal typology of the brokerage role, attracting the attention not just from the social context [52] , but also several relevant studies [30, 36, 53] . According to their classification, a coordinator connects the nodes that belong to the same group, so the information flows remain inside the group. A representative delegates its member nodes in order to deliver or exchange the information with the other outside members. On the contrary, a gatekeeper selectively endows the inflow of information from outside groups. A liaison, positioned outside of both groups, connects the source and receiver outside of the own group. While a consultant (itinerant) located outside transmits the information between the two nodes that are co-located within a group.
The GF brokerage concept presents a systematic description to classify the presence of a brokerage in a quantitative way. Boari, Molina-Morales, and Martínez-Cháfer [53] recently applied this concept to investigate how different types of brokerage activities affect the innovative performance of a clustered firm. They hypothesised that a liaison role has the highest innovative performance, then a gatekeeper and a representative positions in-between, while a coordination role has the lowest. Their regression model finds a positive relation between the liaison role and innovative performance, suggesting the opportunity for a broker to benefit from intermediating between different subgroups. What their analysis did not find as a significant result is the positive relationship between the other two roles (gatekeeper and representative) and innovative performance, which this research tackles. Spiro, Acton, and Butts [36] extend the GF typology to develop the dynamic approach of measuring brokerage opportunities in the evolution process, based on the inter-organisation collaboration network during Hurricane Katrina.
From the perspective of spatial knowledge spillover, it is worth noting that the notion of GF brokerage accesses the diverse roles corresponding to the structural dynamics. Thus, this research views GF as a crucial framework to account for the spatial transfer of technology across regions. The quadrant in Figure 1 clarifies the contribution of an individual broker to the neighbour regions in the megalopolis by interpreting the roles into four quadrants: A gatekeeper (upper right quadrant) imports external technology into the neighbour regions within the megalopolis (intra-megalopolis), a representative diffuses the endogenous technology to the other regions outside of the megalopolis (lower left quadrant), or intermediate combinations (remaining two quadrants). A coordinator mediates the technology between the regions within a megalopolis, which has little influence on the other regions outside of the megalopolis. In contrast, a consultant exchanges technology between regions within the same megalopolis, leaving the neighbour regions untouched. A liaison, however, involves the technology exchange between regions where two regions do not belong to the same group. For instance, Beijing transmits technology originating from Shanghai to the regions in non-super regions. From A coordinator transmits technology to unconnected clusters that belong to the same subgroup. A high-tier actor of the technology production hierarchy might share technology with a middle-tier actor, which later delivers a low-tier actor. Then, the middle-tier actor plays a coordinator role in the network. On the other hand, a consultant broker belongs to a different subgroup than the clusters that it connects. In this case, a broker actor shares technology from one actor with the other actor in the same group. A gatekeeper broker is part of the same subgroup as a cluster of individual actors receiving technology. They could have the privilege of whether to accept access to this cluster from other actors, which transfers technology. For example, a gatekeeper region, as a member of a megalopolis, could determine the adoption of new technology flow from the other regions. Similar to a gatekeeper, a representative broker is part of the same subgroup. In contrast, a representative broker delivers technology to another cluster in a different subgroup. A representative region might be linked to a technology push in technology diffusion. Liaison brokers are part of their own subgroup, which links unconnected clusters that belong to different subgroups. For instance, an actor in the megalopolis might work with another actor in a different region, then distribute it to the other regions. All of which is described in Table 1 .
In the context of the network dynamics, what has remained silent is the implicit assumption that all the brokerage roles have a positive and significant impact on the longitudinal network development. While there is surging interest in the network, there is relatively little empirical evidence on how the dynamic is established and progressed over time periods [54] . Specifically, to the best of knowledge, no empirical studies address the contribution of specific roles of a broker region in the evolution of a regional technology network. In the current analysis, given the debates on the structure effects and attribute effect, a quantitative estimation is attempted in order to examine which effects matter for the development of a network. A coordinator transmits technology to unconnected clusters that belong to the same subgroup. A high-tier actor of the technology production hierarchy might share technology with a middle-tier actor, which later delivers a low-tier actor. Then, the middle-tier actor plays a coordinator role in the network. On the other hand, a consultant broker belongs to a different subgroup than the clusters that it connects. In this case, a broker actor shares technology from one actor with the other actor in the same group. A gatekeeper broker is part of the same subgroup as a cluster of individual actors receiving technology. They could have the privilege of whether to accept access to this cluster from other actors, which transfers technology. For example, a gatekeeper region, as a member of a megalopolis, could determine the adoption of new technology flow from the other regions. Similar to a gatekeeper, a representative broker is part of the same subgroup. In contrast, a representative broker delivers technology to another cluster in a different subgroup. A representative region might be linked to a technology push in technology diffusion. Liaison brokers are part of their own subgroup, which links unconnected clusters that belong to different subgroups. For instance, an actor in the megalopolis might work with another actor in a different region, then distribute it to the other regions. All of which is described in Table 1 .
In the context of the network dynamics, what has remained silent is the implicit assumption that all the brokerage roles have a positive and significant impact on the longitudinal network development. While there is surging interest in the network, there is relatively little empirical evidence on how the dynamic is established and progressed over time periods [54] . Specifically, to the best of knowledge, no empirical studies address the contribution of specific roles of a broker region in the evolution of a regional technology network. In the current analysis, given the debates on the structure effects and attribute effect, a quantitative estimation is attempted in order to examine which effects matter for the development of a network. 
Data and Estimation Method
Network Data Construction
In order to identify the patterns of exchanging technology, the directed networks between a patent licensor and licensee from Chinese patent licensing DB provided by SIPO (State Intellectual Property Office of China) were established. The PLCRP (Patent Licensing Contract Recordal Procedures) regulation forces the contract information, including the addresses and patent number, to be submitted and examined by the authority. The collected dataset consisted of 130 nodes from 2009 to 2012, containing the 21,158 links as shown in Table 2 .
The inter-regional technology flow network captures the direction of technology flows from the source (the patentee's region) to the target (the licensee or buyer's region), as shown in Figure 2 
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Data and Estimation Method
Network Data Construction
The inter-regional technology flow network captures the direction of technology flows from the source (the patentee's region) to the target (the licensee or buyer's region), as shown in Figure 2 . Then, the nodes are regions, and the edges are the direction of the technology flow constructing an adjacency matrix. The current analysis consists of four periods from 2009 to 2012. The primary reason for choosing this period is that the Chinese domestic technology market reached the matured stage, representing the dynamic structural changes of technology flows between and within regions. According to WIPO (IP Statistics Data Center: https://www3.wipo.int/ipstats/), the total amount of patent grants in 2012 was 152,097, doubled from 68,501 in 2008. The number of applications also increased sharply from 231,434 to 561,408 during the same period. In order to model the clearer effect of variables, 130 nodes (regions) were selected as a data set. Then, the region-to-region network consisted of 130 × 130 binary directed networks, where x ij = 1, when a region (i) has a license-out to a region, ( j) (i, j = 1, n). Prefecture-level was used as a geographical unit of analysis because, as in the U.S., Chinese providence is not an economic unit, but a political and administrative unit. Secondly, the daily activities of economic actors are not bound by province borders either. Commuting and travel behaviours are influenced by time and distance rather than by the providence boundaries. Then, for daily economic activities, the prefecture-level region or metropolitan area is more appropriate for exploring the question at hand [55] . The three super regions (BGR (Bohai Gulf Rim): Beijing, Cangzhou, Shandong, Qinhuangdao, Tangshan, Tianjin, Zhangjiakou, Langfang, Chengde, Shijiazhuang and Baoding; YRD (Yangtze River Delta): Shanghai, Changzhou, Hangzhou, Huzhou, Jiaxing, Nanjing, Nantong, Ningbo, Shaoxing, Suzhou, Taizhou, Wuxi, Yangzhou, Zhenjiang and Zhoushan; PRD (Pearl River Delta): Dongguan, Foshan, Guangzhou, Huizhou, Jiangmen, Shenzhen, Zhaoqing, Zhongshan, and Zhuhai) are classified according to [10] and [56] . 
Estimation Methodology of Network Evolution
This analysis applies SAOM in order to account for the issues on the temporal dataset and the relational dataset. The metamorphic network indices that specialised in the static description of the individual nodes cannot examine longitudinal datasets. The traditional econometrical statistic approach, however, is not suited to modelling the structural effect of a network, violating the fundamental assumptions of regressions [21, 34, 35, 57] . SAOM, reconciling the temporal and network data structure, addresses the dynamic nature in that the model examines how the network structure evolves from t to the t + 1 period. Another advantage of this approach is that the change probabilities are determined by the structural choice-opportunity and the individual objective function, which are more close to the practical mechanism. This approach is widely accepted in economic geography [28, 29, 35, 50, [58] [59] [60] The basic idea of SAOM stems from Markov random graphs, presuming that the probability of network evolution depends on the current state of the network. The network dynamics, the transformation from one to another state, is caused by the aggregated decision from the nodes. These micro-level decisions are based on the attribute of the individual node, which is determined by the previous network structure settings. The algorithm calculates the estimated coefficients based on the iterative Markov chain Monte Carlo model [61] . It stochastically approximates the parameters in the Prefecture-level was used as a geographical unit of analysis because, as in the U.S., Chinese providence is not an economic unit, but a political and administrative unit. Secondly, the daily activities of economic actors are not bound by province borders either. Commuting and travel behaviours are influenced by time and distance rather than by the providence boundaries. Then, for daily economic activities, the prefecture-level region or metropolitan area is more appropriate for exploring the question at hand [55] . The three super regions (BGR (Bohai Gulf Rim): Beijing, Cangzhou, Shandong, Qinhuangdao, Tangshan, Tianjin, Zhangjiakou, Langfang, Chengde, Shijiazhuang and Baoding; YRD (Yangtze River Delta): Shanghai, Changzhou, Hangzhou, Huzhou, Jiaxing, Nanjing, Nantong, Ningbo, Shaoxing, Suzhou, Taizhou, Wuxi, Yangzhou, Zhenjiang and Zhoushan; PRD (Pearl River Delta): Dongguan, Foshan, Guangzhou, Huizhou, Jiangmen, Shenzhen, Zhaoqing, Zhongshan, and Zhuhai) are classified according to [10] and [56] . 
This analysis applies SAOM in order to account for the issues on the temporal dataset and the relational dataset. The metamorphic network indices that specialised in the static description of the individual nodes cannot examine longitudinal datasets. The traditional econometrical statistic approach, however, is not suited to modelling the structural effect of a network, violating the fundamental assumptions of regressions [21, 34, 35, 57] . SAOM, reconciling the temporal and network data structure, addresses the dynamic nature in that the model examines how the network structure evolves from t to the t + 1 period. Another advantage of this approach is that the change probabilities are determined by the structural choice-opportunity and the individual objective function, which are more close to the practical mechanism. This approach is widely accepted in economic geography [28, 29, 35, 50, [58] [59] [60] The basic idea of SAOM stems from Markov random graphs, presuming that the probability of network evolution depends on the current state of the network. The network dynamics, the transformation from one to another state, is caused by the aggregated decision from the nodes. These micro-level decisions are based on the attribute of the individual node, which is determined by the previous network structure settings. The algorithm calculates the estimated coefficients based on the iterative Markov chain Monte Carlo model [61] . It stochastically approximates the parameters in the way of minimising the deviation between the observed and simulated networks. The parameters are adjusted to fit the observed results at each simulated step during the iterations. The estimated If the evolution of the network is considered as a longitudinal time-series change, then let network structure be x t , t ∈ {t 1 , . . . , t m } for the number of nodes of N from 1 to n. In the Markov chain (X t ), each observation is represented as a matrix set, or x = (x ij ), whereby node i has a relation with j. According to the fundamental assumption of Markov chains, the evolution of the network is influenced by the current state of the network to the extent of the probability [62] . In this light, SAOM addresses the network dynamics by modelling the change process through two directions. One is the change opportunity process and the other is the change choice process, which is also referred to as the rate function and objective function, respectively. The nodes can change their relationship with others-create, maintain, or dissolve-at stochastically determined moments. These opportunities are determined by the Poisson distribution function that Steglich and Snijders [61] refer to as the rate function (λ i ) for each actor, i. For a formal expression, the opportunities for node i to change one of the tie parameters, X ij ( j = 1, . . . , n; j i), happens at the probability function (λ i ).
Given the heterogeneity in the change opportunities, the individual attributes of the nodes are highly likely to affect opportunities to change relationships. Thus, under the individual attribute (υ i ) and degree, j x ij , the rate function is given as below:
Following on a current state (x 0 ), the set of permitted new states C(x 0 ) is the product function of two model components, λ i and p i , that determine the transition rate matrix of which the elements are given by:
where q x 0 ,x = 0, in the case of x ij x 0 ij , and q x 0 ,x = λ i x 0 , υ, ω p i x 0 , υ, ω for the digraphs, x and x 0 . As the rate function process sets the frequency of opportunities to change ties, network structures with high values signify strong dynamics.
Choice Opportunities' Modelling
Let us turn to the choice opportunity modelling. Given that a node, i, has the opportunity to make a relational change, the choice for this actor is to change one of the set of relation parameters, x ij . If there is a change in the relation parameter, x ij , then it will lead to a new state, x, x ∈ C x 0 . The multinomial logistic regression objective function, f i , is applied to the choice probability of a node [61] : P X (t) changes to x| i has a change opportunity at t,
When a node has the opportunity to change their tie, it chooses its partners by trying to maximize the objective function ( f i ) that accounts for the preferences and constraints of the node. The process is interpreted as the idea that nodes determine the change of their position, myopically maximizing their objective function. For a formal expression, the objective function is defined, as the choices are then determined by a linear function comprised of the current state (x 0 ), the potential new state (x), individual attributes (υ), and attributes at a dyadic level (ω) as below: The weight, β k , indicating the power of the different variables, s ki , is estimated by simulations. Snijders [63] suggests an iterative Markov chain Monte Carlo algorithm as a method of the estimation method in SIENA. One of the advantages of SAOM is that the estimation value is constant to its final value, in order to evaluate the goodness of fit of the model and the standard errors so that the different parameter estimates of SAOM can be interpreted as non-standardized coefficients obtained from logistic regression analysis. Thus, the parameter estimates are a log-odds ratio, and they can be directly interpreted as how the log-odds of the link formation change with one unit change in the corresponding independent variable.
In this model, the structural effect is controlled by the density and reciprocity effect. The density effect is calculated by out-degree of longitudinal network analysis, as described in Table 3 . According to Snijders et al. [64] , the density effect needs to be included in the models using SIENA in order to control for the observed density of the network and to explain the general likelihood to transmit. The reciprocity effect is also included because the technology transfer network is a directed relation network. The underlying assumption is that regions will exchange technology with those from whom they already import technology, which is also considered as a basic variable in the directed network analysis. In the context of the uncertainty of pecuniary-compensated technology, reciprocity is interpreted as the path-dependent feature in that the region tends to transfer already-proven partners. Table 3 . Description of rate function variables.
Variables
Description Diagram Formulation
Density
The propensity of total regions to transfer technology 
The weight, , indicating the power of the different variables, , is estimated by simulations.
Snijders [63] suggests an iterative Markov chain Monte Carlo algorithm as a method of the estimation method in SIENA. One of the advantages of SAOM is that the estimation value is constant to its final value, in order to evaluate the goodness of fit of the model and the standard errors so that the different parameter estimates of SAOM can be interpreted as non-standardized coefficients obtained from logistic regression analysis. Thus, the parameter estimates are a log-odds ratio, and they can be directly interpreted as how the log-odds of the link formation change with one unit change in the corresponding independent variable. In this model, the structural effect is controlled by the density and reciprocity effect. The density effect is calculated by out-degree of longitudinal network analysis, as described in Table 3 . According to Snijders et al. [64] , the density effect needs to be included in the models using SIENA in order to control for the observed density of the network and to explain the general likelihood to transmit. The reciprocity effect is also included because the technology transfer network is a directed relation network. The underlying assumption is that regions will exchange technology with those from whom they already import technology, which is also considered as a basic variable in the directed network analysis. In the context of the uncertainty of pecuniary-compensated technology, reciprocity is interpreted as the path-dependent feature in that the region tends to transfer already-proven partners. Table 3 . Description of rate function variables.
Variables
Description Diagram Formulation
Density
The propensity of total regions to transfer technology =
Reciprocity
The propensity of mutual technology transfer between regions =
Objective Function Variables
In order to measure how regions are involved in technology activities, the individual attributes of regions include four variables: Foreign technology acquired, patents per population, technology licensing-in, and technology licensing-out. The number of foreign patents represents the exogenous inflow of technology that enhances the capacity of a region. The innovative capacity is reflected in the total number of patents normalised by the population [65] . If the estimated coefficient of a foreign patent has a positive signal, then the exogenous technology flow contributes to the evolution of the network. On the other hand, the positive effect of the patent number signals that domestic patent growth significantly determines the region's technology flows. The licensing activities-licensing out and in-are included in the model as the attributes. The licensing-out of a patent implies that a region has enough innovative capacity and quality of technology to diffuse its technologies to the other regions. The licensing-in, however, represents how a region actively imports other regions' patents. The descriptive statistics are presented in Table 4 .
Reciprocity
The propensity of mutual technology transfer between regions 
Variables
Description Diagram Formulation
Density
Reciprocity
Objective Function Variables
In order to measure how regions are involved in technology activities, the individual attributes of regions include four variables: Foreign technology acquired, patents per population, technology licensing-in, and technology licensing-out. The number of foreign patents represents the exogenous inflow of technology that enhances the capacity of a region. The innovative capacity is reflected in the total number of patents normalised by the population [65] . If the estimated coefficient of a foreign patent has a positive signal, then the exogenous technology flow contributes to the evolution of the network. On the other hand, the positive effect of the patent number signals that domestic patent growth significantly determines the region's technology flows. The licensing activities-licensing out and in-are included in the model as the attributes. The licensing-out of a patent implies that a region has enough innovative capacity and quality of technology to diffuse its technologies to the other regions. The licensing-in, however, represents how a region actively imports other regions' patents. The descriptive statistics are presented in Table 4 . Table 5 reports the GF frequencies of brokerage activities of three regions-Beijing, Shanghai, and Shenzhen-representing BGR, YRD, and PRD, respectively. Beijing recorded the largest number of brokerage activities, reaching 2369 in 2010 ( Table 5) . As a national capital region, the presence of major public institutes and universities has highlighted Beijing as a brokerage region in the nation as well as BGR. The bifurcated roles are the liaison (43.5%) and consultant (43.4%), occupying almost 87% of the total brokerage activities. These two roles imply that Beijing mediates technologies outside of BGR, serving as a national-wide technology source. Then, the ratio is followed by a representative and gatekeeper. It is worth noting that both brokerage roles related to the neighbour regions in the megalopolis have lower significance. The comparison between the two roles is that Beijing tends to diffuse the accumulated technologies in the BGR toward the regions in the other super-regions. The ratio of a coordinator is substantially lower than the other roles. It seems to be clear that Beijing does not transmit the technologies among the neighbour regions in the BGR.
On the other hand, Shanghai, the anchor hub in YRD, has a more balanced brokerage pattern than Beijing has. The total frequency also marked the highest point (1718) in 2011, but sharply dropped in 2012. The highest role of Shanghai is a consultant (29.1%) followed by gatekeeper (21.9%), liaison (21.8%), and representative (20.8%). However, the dispersed distribution among these three roles imply that Shanghai serves as national and regional brokerage sources of technology. According to Huggins, Luo, and Thompson [10] , YRD has a longer tradition of openness than the other megalopoleis and established a strong industrial foundation for modern technology development. The hierarchical structure of knowledge transmission consisting of highly competitive city, such as Wuxi and Suzhou, is likely to affect the balance of the brokerage roles of Shanghai. The lowest ratio of a coordinator also corroborates that Shanghai is also not involved with the intra-megalopolis technology transmission. Last, Shenzhen seems to have an intermediary pattern between Beijing and Shanghai. Shenzhen also has bifurcated roles-consultant and liaison-however, they are not as dominant as Beijing. The most frequent role is a consultant (35.5%), followed by a liaison (34.8%), a representative (14.6%), and a gatekeeper (13.7%). Consistent with the two other regions, the ratio of coordinator is the lowest.
The rank order shows that Shenzhen also tends to play the role of a nation-wide broker, while the total frequency is lower than the other two regions. Even the highest frequency (662) in 2009 is less than half of the other two regions.
The Estimation of Network Dynamics
This section estimates the dynamics of the network and the contribution of the brokerage types by applying a 'conditional method of moments' for a longitudinal dataset [59] . The convergence ratio value that compares the deviations between simulated values and observed values is 0.283, indicating that the goodness-of-fit of the model is appropriate for the model. Table 6 reports the four models, starting from a structure effect-only (model 1) to the full model (model 4).
Let us turn to model (1), which includes only structural effect variables. The rate function explains the longitudinal progression of the technology transfer network. The rate refers to the expected frequencies with which regions have the opportunity to change a network tie from between t to +1. The rate (λ [2009] [2010] ) plunges from 27.11 to 0.007 (λ 2010-2011 ); then it maintains at 0.007 at the end of the period (λ [2011] [2012] ). The network has a substantial change from 2009 to 2010, then a sharp decrease rate of the next period (2010 to 2011) indicates that fewer opportunities exist to change relationships in the last two periods than in the previous ones. After the relationship is established, then the nodes do not seem to easily change their relationships with their partners, which is interpreted as the path-dependency in the market-mediated technology. A similar pattern is consistently found through the other three models. The density of the network has a significant, but negative value (−1.435). On the other hand, the reciprocity has a positive coefficient (1.09), which is observed widely in the other empirical works [59] . In the social network context, the higher density level is related to the higher opportunity cost in the establishment of a relation. If a node is positioned in the highly dense position, then the node is less likely to have an opportunity to change the previous relationship. Thus, given the high-density effect, the probability of changing its tie decreases and yields a negative sign of the variable. The positive and significant value of reciprocity also reflects that technology is transmitted with the partners that have already connected, denoting that those mutually-proven partners are likely to involve another transfer.
Model 2 is dedicated to explaining the longitudinal change of a network through the individual attribute of each region. The interpretation of the coefficient is as non-standardized coefficients, similar to that of the logistics regression model. Each coefficient is basically a log odds-ratio, and it indicates how the log-odds of relation formation changes with a unit change in the corresponding independent variable. The exogenous foreign technology has a positive and significant, but weak value (0.0011). The patent number of a region, however, has a negative effect (−0.083). Then, regions have the tendency to transmit technology to other regions when they have already accumulated technologies from overseas countries. At the same time, even if the region has a higher level of the domestic patent, they do not seem to be involved in exchanging technology with others. It also corroborates the idea that nodes exposed to direct relationships with foreign nodes, through formal technology agreements or informal know-how contact, are expected to gain preferential access to knowledge [66] .
The next two variables examine whether a region's previous licensing activity matters in the evolution of the network. While the observed license-in value has not gained statistical significance, license-out has a positive effect, with a significance level of 0.01 (0.0016). The result confirms that the regions prefer to transmit technology to other regions that already have previous experiences of a technology licensing-out contract, which is consistent with Belso-Martínez et al. [67] 's work in that the previous knowledge mediating experience facilitates the creation of partnerships, thus fostering brokerage. The influence of accumulated licensing-out experiences also seems to be determined by the strategic risk-aversion decisions of licensor regions. The interpretations of the contradictory significance level of two licensing variables would be that the potential licensing-in regions do not consider how many technologies are imported to the partner regions, rather they seem to consider that the licensing-out records matter more.
Model 3 captures the contribution of the GF brokerages of three regions except for a coordinator, which has a substantially low frequency. Considering the differences between the four coefficients, it confirms the idea that all the brokers have an identical effect on the network growth process. In this case, the brokerage roles played by the anchor regions influenced the network evolution in either a positive or negative way. The interesting result is the different signs of the coefficients between a gatekeeper and a representative (−0.012 and 0.025, respectively). The consultant has a small, but positive effect (0.008). Nevertheless, liaison was estimated to have a negative effect (−0.012). Reflecting the types of the brokerage on the basis of the social network theory, the brokerage role as a liaison appears to have the opportunity to benefit from intermediating between heterogeneous groups [53] .
The common feature of the two positive estimation values (representative and consultant) is that an anchor region has more influence on the regions outside of its own super-region. The representative, which acquires technology knowledge from other co-located regions, acts as the technology source for other regions. As a consultant role, an anchor region connects only with regions located outside of the super-region, thus connecting other regions. Contrarily, the gatekeeper, acquiring from the regions outside of the super-region, acts as a technology source for the regions inside of its own super-regions. The liaison connects different regions in different super-regions. To sum up, the main contribution of anchor regions, in the perspective of the national innovation system, is directed to the external regions outside rather than inside of the super-regions [65] .
Model 4 maintains a similar result of the rate function as the previous models. The first difference in the objective function is the negative sign of the number of patent purchases (License_In), which was already anticipated in the previous model. It is clear that, given the other variables, a region's experiences in purchasing technology have little, but a negative effect on the evolution. The second point is that the two variables (gatekeeper and representative) that are related to the anchor regions' megalopolis are estimated with no significance power. Nonetheless, the effect of the other two variables (consultant and liaison) turned to reverse effects. It is plausible that the two major roles have a significant effect on the evolution of a whole network, while the effects are in opposite directions. Following the idea of [53] , who hypothesized the positive relation between the liaison role and innovative network, the positive coefficient of the liaison corroborates that it gains benefit from brokering between different super-regions, taking advantage of diverse technology sources. The role of a consultant, however, is estimated to be a negative effect on the evolution process. Despite its highest frequency, given the control of the other variables' effect, the mediation of technology between the regions is in another megalopolis. 
Conclusions
This research intended to identify the contribution of brokerage roles for the growth of a technology innovation network. To this end, the current analysis employed the GF brokerage concept to capture the technology flow patterns at the region-to-region level, demonstrating the three anchor regions' brokerage patterns. The GF framework found that Beijing and Shenzhen tend to transmit technology as a nation-wide hub in the national innovation system, rather than a local hub in the megalopolis. Shanghai seems to serve as a more balanced broker region both as a local diffuser and a nation-wide hub. This result shows that the Chinese anchor regions have two different patterns-nationwide hub and local megalopolis hub. This finding has a practical implication for regional policy makers in that some anchor regions in the megalopolis might be evolved into national technology sources, while the other brokerage type might remain as a local hub. This issue motivates a discussion of the strategic allocation of limited resources in the sense of whether well-established brokerage regions (geographical clusters as well) are effective in enhancing the innovative capacity of a nation, calling for attention to be given to fast-growing economy countries.
While the canonical studies of a brokerage position in the network have remained constant in identifying the positive association with performance, this research contributes to this literature further by disentangling the positive and negative effect of brokerage activities. The dynamic evolution analysis reported the path-dependent tendency of the technology flow network. It also corroborates that the regions with a higher ratio of direct relationships with foreign technologies are highly likely to gain preferential access by other regions. Then, the contradictory significance level of two licensing variables implies that a potential technology purchaser seems to consider the licensing-out records of the potential partner. It is also worth noting that the quantitative analysis supports that a liaison among brokerage types contributes to the evolution of the network. The result corroborates the hypothesis that the growth of a network led by a broker benefits from intermediating two heterogeneous sources, improving the efficiency of technology flow in the system. The identification of different patterns in the analysis provides practical implications to regional policymakers in addressing innovation policy, in that the brokerage role as a liaison is more effective to economic development based on sustainable technology innovation.
This research is not exempt from some limitations. First, this research presumes that all the licensing agreements have equal value without concerning the market value of each agreement. The official regulation by the Chinese patent authority allows one to trace the license information, which provides an exceptional research opportunity for investigating market-mediated technology flow. However, the payment scheme of a licensing agreement is not a mandatorily required to be open to the public, implying that the technology flow in this research cannot clearly illustrate the market value. Second, the current inter-region flow network does not control specific aspects of the individual technology sector. A different tendency over patent activities, patent institution types, and licensing patterns across technology sectors might exist, which might not isolate the region-specific effect. Future studies conducted in multiple technology sectors and industry-level settings might highlight the validity of the theoretical positions developed in the current research.
